This study aimed to compare two different Genome-Wide Selection (GWS) methods (Ridge Regression BLUP À RR-BLUP and Bayesian LASSO À BL) to predict the genomic estimated breeding values (GEBV) of four phenotypes, including two boar taint compounds, i.e., the concentrations of androstenone (andro) and skatole (ska), and two carcass traits, i.e., backfat thickness (fat) and loin depth (loin), which were measured in a commercial male pig line. Six hundred twenty-two boars were genotyped for 2,500 previously selected single nucleotide polymorphisms (SNPs). The accuracies of the GEBV using both methods were estimated based on Jack-knife cross-validation. The BL showed the best performance for the andro, ska and loin traits, which had accuracy values of 0.65, 0.58 and 0.33, respectively; for the fat trait, the RR-BLUP accuracy of 0.61 outperformed the BL accuracy of 0.56. Considering that BL was more accurate for the majority of the traits, this method is the most favoured for GWS under the conditions of this study. The most relevant SNPs for each trait were located in the chromosome regions that were previously indicated as QTL regions in other studies, i.e., SSC6 for andro and ska, SSC2 for fat, and SSC11, SSC15 and SSC17 for loin.
Introduction
Most progress that has been made in pig breeding programs regarding quantitative traits has been a result of selection based on the estimation of genetic breeding values using pedigree information. However, with the development of molecular markers, such as single nucleotide polymorphisms (SNPs), new approaches, such as genome-wide selection (GWS) and genome-wide association studies (GWAS), have been proposed (Hayes and Goddard, 2010) . In the pig, these approaches remain under development. The high-density Porcine SNP60 Genotyping BeadChip (Illumina Inc., San Diego, CA, USA, Ramos et al., 2009 ) was proposed using next-generation sequencing technologies for the mass identification of SNPs in regions of the genome that have not been previously sequenced, and this technology is currently widely used in the pig breeding industry.
With respect to phenotypes that have been used in GWAS studies, the phenotypes that are related to boar taint and carcass traits stand out because they are considered specialised phenotypes. Boar taint is the undesirable smell and taste of pork derived from uncastrated males, and its main associated compounds are androstenone and skatole (Gregersen et al., 2012) . Duijvesteijn et al. (2010) attempted to determine the SNPs associated with androstenone levels in fat tissue, Ramos et al. (2011) reported an association Contents lists available at ScienceDirect journal homepage: www.elsevier.com/locate/livsci study that aimed to identify the SNPs related to skatole levels in the pig carcass, and Rowe et al. (2014) presented an association study for both androstenone and skatol concentrations in Danish Landrace boars. In relation to carcass traits, Luo et al. (2012) conducted a GWAS study for meat quality; the results effectively narrowed down the associated regions compared with previous QTL studies and revealed haplotypes and candidate genes of SSC12 in pigs. Although GWAS studies have been conducted on boar taint and carcass traits in pigs, there are no references to GWS studies that aimed to estimate the genomic breeding values for these traits in commercial pig lines.
Since the initial paper by Meuwissen et al. (2001) was published, several studies have compared the efficiency of the simplest GWS method, the Ridge Regression BLUP (RR-BLUP) (Meuwissen et al., 2001) , with more sophisticated methods, such as Bayesian LASSO (BL) (de los Campos et al., 2009) . Because of the scarcity of GWS studies of boar taint and carcass traits in pigs, it is worthwhile to compare these methods to best predict the breeding values for these specialised phenotypes. In summary, the main difference between these two very popular GWS methods is that the RR-BLUP assumes, a priori, that each locus explains an equal amount of the genetic variation, whereas the BL assumes that each locus explains a unique amount of variation.
The GWS methods are typically compared using crossvalidation techniques, which are useful when evaluating the predictive ability of genomic breeding values. However, because of the varying degrees of relationships in animal breeding applications, it is difficult to obtain independent training and testing sets. Therefore, the training-testing partitions have a significant effect on the cross-validation results (Pérez-Cabal et al., 2012) . In this context, although the Jack-knife (leave-one-out) partition is computationally intensive, it maximises the training population size (Resende Jr et al., 2012) , thereby representing the best option for use in cross-validation analyses.
Considering that genomic selection for traits such as androstenone and skatole concentrations, backfat thickness and loin depth have not been published for commercial pig lines to date, the main objective of this study was to compare the RR-BLUP and BL methods in relation to their efficiencies in predicting genomic breeding values using the Jack-knife method for optimal cross-validation analysis. We also aimed estimate heritabilities and genetic correlations, besides to identify the most relevant SNPs for each trait to associate the chromosomal region of these markers with previously reported QTLs for these phenotypes.
Materials and methods

Phenotypic data
The field experiment was conducted strictly in line with Dutch law regarding the protection of animals. All boars were animals from a composite Duroc-based line; the animals were related, raised under the same conditions, and obtained from a traditional selection program. Six hundred twenty-two boars from a farm in the Netherlands were phenotyped for the following traits: concentrations of androstenone (andro) and skatole (ska), backfat thickness (fat) and loin depth (loin). The average and standard deviations for the andro, ska, fat and loin phenotypes were 0.2 (0.82) mg/g, 4.08 (0.77) ng/g, 14.33 (2.93) mm, and 61.74 (6.88) mm, respectively.
For the measurements of the backfat thickness and loin depth, a Hennessy Grading Probe (HGP) was used. The back of the carcass was penetrated with a needle to identify the tissue interfaces, and the phenotypic measurements were produced according to the site (http://www.hennessy-technology.com/ grading.html). Samples were collected from the neck fat of the animal carcass's left side and were stored under vacuum at À20 1C until phenotypic analysis, when the concentrations of androstenone and skatole were measured. Additional information regarding the collection and phenotype processing can be found in Duijvesteijn et al. (2010) .
The phenotypic values for the concentrations of androstenone and skatole were not normally distributed and were, therefore, subjected to a logarithmic transformation as previously described by Duijvesteijn et al. (2010) and Ramos et al. (2011) . After the transformation, the ShapiroÀ Wilk test for normality it was applied to validate the efficiency of log-transformation. The p-values for androstenone and skatole were equal to 0.098 and 0.136, respectively. Since the alternative hypothesis is given by absence of normality, the p-values imply that these traits follow a normal distribution at 5% level of significance.
Genotypic data
The animals were genotyped using the Illumina PorcineSNP60 BeadChip (San Diego, CA, USA, Ramos et al., 2009 ). The DNA was prepared from ethylenediaminetetraacetic acid (EDTA) blood, hair roots or meat samples using the Gentra Puregene DNA Preparation Kit (Minneapolis, MN) according to the manufacturer's instructions. The extraction was performed using a standard phenol-chloroform method as previously described (Sambrook and Russell, 2006) . The DNA concentration and purity (absorbance ratios of 260/ 280 and 260/230, respectively) were measured using the Nanodrop ND-1000 Spectrophotometer (NanoDrop Technologies, LLC, Wilmington, Delaware). Following a quality check, 10,210 SNPs were removed because of low quality scores (GenCall score o0.7). A threshold of 30 or more pedigree errors was applied, and 190 SNPs were removed. In addition, 20,736 SNPs were excluded from the analyses because of a minor allele frequency (MAF) o0.05 in at least one of the three lines. An additional 374 markers with a call rate of o95% were also excluded. A total of 3,982 SNPs that were located in one of the sex chromosomes were also excluded. Additional details regarding the DNA preparation and genotyping process can be found in Duijvesteijn et al. (2010) .
The set of 2,500 SNPs that were used in this study comprised a subset that was previously identified by Lopes et al. (2013) using the same dataset. These authors tested six subsets with different numbers of markers (n¼500, 1,000, 1,500, 2,000, 2,500 and 3,000 SNPs) and concluded that the subset of 2,500 SNPs represented an optimal number for estimating genomic relatedness because these markers showed the same results that were obtained using 47,897 SNPs. The 2,500 selected SNPs were distributed throughout the genome with an average of 131 SNPs per chromosome and an average distance of 1,038 kb between markers. These markers can be seen as a special set of SNPs used to correct pedigree information in routine genetic evaluations of a pig breeding company (Lopes et al., 2013) . Although reduced, this panel is economically feasible for large-scale genotyping, and can be better exploited when used to improve genetic predictions for certain complex traits that are difficult to be measured or are sex-limited, like carcass and boar taint traits, respectively.
GWS methods and estimation of the genetic parameters
With respect to the GWS, the phenotypic outcomes, which are denoted by y i (i¼ 1, 2,…, and 622), were regressed on the marker covariates x ik (k ¼1, 2, …, and 2,500) following the regression model that was previously proposed by Meuwissen et al. (2001) :
where y i is the phenotypic observation of animal i, m is the general mean, β k is the effect of marker k, and e i is the residual term e i $ Nð0; σ 2 e Þ: In this model, x ik equals a value of 2, 1 or 0 that represents the SNP genotypes AA, Aa and aa, respectively. Thus, these values directly represent the allele copy number at each locus k. Under a matrix notation, the presented GWS model can be rewritten as follows: In the RR-BLUP (Meuwissen et al., 2001) 
, each locus explains an equal amount of genetic variation). This method was implemented using the R software (R Development Core Team, 2011) package rrBLUP (Endelman, 2011) , in which the additive genetic variance is given by (de los Campos et al. 2009 ) method is a penalised Bayesian regression procedure whose general estimator is given byβ ¼ arg min β ðŷ ÀXβÞ 0 ðŷ À XβÞþ È λ P 2;500
where λ is the regularisation parameter. The BL method was implemented in the package BLR (de los Campos et al., 2009; Pérez et al., 2010) of the R software using 10,000 MCMC iterations, with the burn-in and thin with 4000 and 2 iterations, respectively. In this approach, the additive genetic variance is σ 2 a ¼ 2
For both the RR-BLUP and BL methods, the vector of genomic estimated breeding values (GEBV) were obtained asû ¼ P 2;500 k ¼ 1 X kβk ¼ Xβ, and the heritability was defined as h
Furthermore, the hot carcass weight was used as a linear covariate in the analysis of the backfat thickness and loin depth. For the concentrations of androstenone and skatole, the hot carcass weight and age were used as linear covariates. The contemporary groups (month and year of slaughter) were used as qualitative fixed effects for all traits. The genetic correlations across the four traits were computed using the Pearson's correlation of the GEBVs in the most accurate method (RR-BLUP or BL). The effects of the markers were distributed throughout the chromosomes for each trait, and Manhattan plots were built using the package ggplot2 in the R software (R Development Core Team, 2011).
Cross-validation by Jack-knife
To compare the RR-BLUP and BL methods, Jack-knife (leave-one-out) cross-validation was used. Without a loss of generality for each method and each phenotype, the original dataset with 622 animals was divided into 622 training datasets (
, and each dataset contained the marker and phenotype information for all animals except for animal À i. In these analyses, the predicted genomic breeding value of animal i for each trait was calculated byûn i ¼ X iβ À i , where X i denotes the SNP genotype vector of animal i, andβ À i denotes the estimated marker effects vector from the analysis that considered all animals except for animal i. All codes that are related to the leave-one-out crossvalidation implemented for the RR-BLUP and BL methods are available as Supplementary material.
The vector that contained all predicted values was denoted byûn ¼û 1 ;û 2 ; :::;û 622 Â Ã , and the accuracy (r) that was used to measure the efficiency of RR-BLUP and BL was given by r ¼ r yû n = ffiffiffiffiffi h 2 p , where r yû n is the correlation between the observed phenotype (y) and û n , and h 2 is the estimated heritability (Resende Jr et al., 2012) .
Results
The accuracy (Fig. 1 ) was used to support the choice of the best method for genomic selection. For the traits concentrations of androstenone (andro) and skatole (ska), backfat thickness (fat) and loin depth (loin), the accuracy values with BL were 0.65, 0.58, 0.56 and 0.33, respectively; in contrast, the RR-BLUP accuracy values were 0.63, 0.57, 0.61 and 0.26, respectively. Thus, for three traits (andro, ska and loin), the BL reached a higher accuracy compared with the RR-BLUP method; in contrast, for fat, the RR-BLUP reached a higher accuracy. With respect to the correlations (Fig. 1) , it is possible to note that the methods showed smaller than accurate values because there is no square root of the heritability in the denominator, but the performance of the methods in the comparative study was the same as that observed for the accuracy analysis. In Fig. 1 , the 95% confidence intervals (using Student's t distribution) were also plotted for the correlation coefficients that were calculated for each method in each trait. As the accuracy was a function of the correlation coefficients, there was no theoretical justification to use the same Student's t distribution to obtain intervals for this quantity. Table 1 shows the heritability estimates and genetic correlations (Pearson's correlation between GEBVs), as well as the correlations between the marker effect estimates; the BL method was used for three traits (andro, ska and loin), and the RR-BLUP was used for fat.
The effects of the markers were distributed throughout the chromosomes for the traits. The Manhattan plots are presented in Fig. 2 for the boar taint and carcass traits; the BL method was used for three traits (andro, ska and loin), and RR-BLUP was used for fat. An empirical threshold (dotted line) was assumed in order to facilitate the visualization of the most relevant SNPs for all traits, since in GWS approach there are no p-values to indicate significance of SNPs like in GWAS.
Considering the distribution of the effects throughout the chromosomes, the markers that showed the highest peaks represent the most important markers controlling the traits. Thus, for the concentration of androstenone, the highest peaks were identified on chromosomes SSC1 (SNP ALGA0106999 at position 309,125,803 bp), SSC6 (SNP ASGA0030401 at position 56,833,928 bp), SSC13 (SNP MARC0069512 at position 123,984,079 bp) and SSC16 (SNP ASGA0074756 at position 82,981,442 bp). The Pig QTL database (http://www.animalgenome.org/cgi-bin/ QTLdb/SS/index) includes 31 (SSC1), 5 (SSC6), 1 (SSC13) and 1 (SSC15) QTLs for this trait. Although some chromosomes, such as SSC9, SSC12, SSC13, SSC14 and SSC15 do not have the greatest effects, they may show regions of QTLs for this trait.
Regarding the concentration of skatole, the highest peaks were observed on chromosomes SSC6 (SNP ASGA0082907 at position 3,503,039 bp), SSC7 (SNP M1GA0009471 at position 5,307,401 bp), SSC11 (SNP H3GA0032391 at position 76,377,968 bp) and SSC12 (SNP MARC0048672 at position 17,733,364 bp).The Pig QTL database includes 12 QTLs that are associated with this trait on chromosomes SSC4, SSC6, SSC7, SSC13 and SSC14. Although such has not got the greatest effect, SSC 13 and SSC 16 may show regions of QTLs for this trait, but there are no reported QTLs With respect to the carcass traits, the highest peaks for backfat thickness were identified on SSC1 (SNP ASGA0005243 at position 186,106,230 bp), SSC2 (SNP ASGA0009363 at position 18,229,708 bp), SSC4 (SNP MARC0095077 at position 105,126,097 bp), SSC12 (SNP ALGA0108041 at position 23, 531,215 bp) and SSC14 (SNP ALGA0080832 at position 11,711,232 bp). The Pig QTL database includes 81, 100, 83, 7 and 1 QTLs, respectively, that are associated with this trait on these chromosomes. The chromosomes SSC6 and SSC7 may show regions of QTLs for this trait; however, these chromosomes do not have the greatest effects. For the loin depth trait, the highest peaks were identified on SSC9 (SNP ALGA0051570 at position 14,512,022 bp), SSC11 (SNP ALGA0061430 at position 23,790,063 bp), SSC15 (SNP H3GA0044020 at position 30,870,509 bp) and SSC17 (SNP H3GA0048589 at position 37,207,235 bp). The Pig QTL database includes 13, 2, 9 and 3 QTLs, respectively, that are associated with this trait on these chromosomes. The chromosomes SSC2, SSC6 and SSC7 do not have the greatest effects, but may show regions of QTLs for this trait.
Discussion
Although the overlapping of the confidence intervals for the correlation coefficients from BL and RR-BLUP indicated no significant differences between these methods (Fig. 1) for the evaluated traits, the BL method showed higher accuracy values compared with the RR-BLUP method for three traits (andro, ska and loin); these findings indicate that for these traits, the BL property of assuming a priori the different variance for different markers ensures a higher genomic selection accuracy. These results are consistent with Ogutu et al. (2012) who used a simulated dataset to demonstrate that LASSO-type regressions were more efficient compared with RR-BLUP for genomic selection because these regressions provided more-accurate and less-biased predictions. Usai et al. (2009) also supported this result by stating that Bayesian methods are better in the presence of markers with larger effects because they indicate non-linear predictions, thereby ensuring the description of the genetic architecture of the traits. However, the RR-BLUP was superior for fat, assuming that this trait has a polygenic effect; in general terms, these findings indicated that all markers contribute equally to genetic variation as previously described by Hayes et al. (2009) .
Regarding other studies that compared traditional BLUP and Bayesian methods, Legarra et al. (2011) reported that BL is an attractive candidate for genomic selection, and that its exponential distribution reasonably reflects the nature of the QTL effects. This information could be useful in identifying regions of the genome that encode the traits in question. Legarra et al. (2011) compared BL with other LASSO and BLUP regressions and concluded that BL is appropriate for genomic selection, with generally the highest accuracies and less inflation of GEBVs compared with other methods. Guo et al. (2012) stated that the RR-BLUP method is a good and simple method for estimating marker effects in GWS and provided prediction accuracies that are comparable with Bayes A and Bayes B when assuming polygenic effects as a result of its advantages, such as being computationally easier.
In summary, the traits considered in the present study characterised as the traits in which the GWS is useful to increase the accuracy of selection and shorten the generation intervals (Daetwyler et al., 2012) because traits such as carcass composition and meat quality (fat and loin) are difficult to measure in live animals, and traits such as andro and ska are sex limited. Other point that deserves be highlighted is the cross-validation strategy based on Jackknife method proposed in the current study, which has not yet been used to compare GWS methods. We believe this method is the best one in terms of choosing training and validation populations, because it maximizes the number of animals in the training phase ensuring the ideal scenario to methods comparison.
The heritability estimate for the backfat thickness in this study is consistent with estimates that have been identified in the literature. van Wijk et al. (2005) , who studied a very similar population compared with this study and used traditional restricted maximum likelihood (REML), observed a value of 0.45, while Akanno et al. (2013) identified a value of 0.44 for the estimate of heritability for backfat thickness on carcasses; however, different values have been observed depending on the structure of the population and environmental conditions. For the loin depth, the heritability value in this study is consistent with the value of 0.13 of van Wijk et al. (2005) and Edwards et al. (2006) , who identified heritabilities that ranged from 0.05 to 0.73 for the loin muscle area.
For the boar taint traits, the heritability of androstenone concentration in this study is consistent with the estimates that ranged from 0.25 to 0.88 according to Sellier et al. (2000) and 0.54 reported by Windig et al. (2012) . Lower heritabilities of 0.19, 0.41 and 0.55 have been reported for the skatole concentration by Pederson (1998) , Windig et al. (2012) and Tajet et al. (2006) , respectively. The value in this study is consistent with these findings. It is worth mentioning that all previously reported studies used only phenotypic and pedigree data for the estimations. The genomic selection of the boar taint traits becomes a superior option to male piglet castration because this latter practice has been banned in some countries as a result of welfare concerns and a reduction in the feed conversion efficiency and carcass trait values (Claus et al., 1994) . Moreover, in agreement with Duijvesteijn et al. (2010) , in the near future, uncastrated males will no longer exist because of animal welfare concerns; thus, high values for boar taint traits must be prevented, and genetic selection is one of the most important tools to execute this prevention.
Genetic correlations were computed across the GEBVs of the four traits. In this study, the genetic correlation between the backfat thickness and loin depth was zero. However, Tomiyama et al. (2009) reported genetic correlation estimates of À0.40 and À0.23 between the loin eye area at 60 days of age and the backfat thickness at 60 days of age, respectively. Between the loin eye area at finish and the backfat thickness at 60 days of age in Berkshire pigs, van Wijk et al. (2005) described a genetic correlation between the backfat thickness and loin weight equal to À0.60 in pigs; these values are not consistent with the present study potentially because heritabilities and genetic correlations may vary according to the genetic constituents and breeding structure of a population (Tomiyama et al., 2009) . The results between the concentrations of androstenone and skatole showed a genetic correlation of 0.24. Genetic correlations of 0.36 (Tajet et al., 2006) and 0.37 (Windig et al., 2012) have been reported for different Landrace populations.
As shown in Table 1 , the correlations that were calculated between the vectors of the SNP effects were useful in demonstrating the relevance of the markers for each trait. Therefore, it can be assumed that the markers that explain the boar taint traits (i.e., concentrations of androstenone and skatole) had a positive correlation between their vectors of effects (0.36), indicating that some marker loci have influence on both traits simultaneously. This result is interesting and can be exploited under a biological approach in order to identify metabolic functions behind these markers.
Regarding the androstenone concentration, Duijvesteijn et al. (2010) described 37 SNPs that affected the androstenone levels that were located on pig chromosomes SSC1 and SSC6 in the same population. In the latter, a larger region of 33 to 44.9 Mb was associated or potentially involved with androgens. In this larger region, the authors described candidate genes, such as hydroxyl steroid sulfotransferase A1, hydroxy steroid sulfotransferase B1 and several cytochrome P450 genes. These genes are involved in androgen and oestrogen synthesis. In this study (Fig. 2) , the SNP with a larger effect in SSC6 is located close to the region that was described by Duijvesteijn et al. (2010) . In relation to SSC1, our larger SNP effect is also within the region that was described by Duijvesteijn et al. (2010) in this same population. The correspondence between both studies validates the regions in SSC1 and SSC6 as important for the boar taint traits. To reinforce this importance, Szyda et al. (2003) described a QTL in SSC6 for the smell intensity of the meat in a F 1 and F 2 Duroc Â Norwegian Landrace population. In general terms, QTL detection studies are valid for the same population, although dense SNP panels ensure good precision when extrapolated for other related populations (Toosi et al., 2010) . In the case of the present study, we believe that comparison with results from Duijvesteijn et al. (2010) and Szyda et al. (2003) make sense because both populations are composite Durocbased. Thus it is recommended comparisons involving the results obtained here in pig populations originated from Duroc crossings. There are no literature reports of QTL or significant SNP effects in SSC13 or SSC15 for this trait in Duroc-derived pig population. However, Rowe et al. (2014) reported significant QTL for androstenone in SSC13 in a Danish Landrace boar population. Ramos et al. (2011) reported a genome-wide association study that revealed 16 SNPs located in the proximal region of SSC6 that were significantly associated with skatole levels similar to a Duroc based-line. One hundred forty-three SNPs were located in the region that encompasses the initial 6 Mb of SSC6. However, only 16 markers displayed significant associations with skatole in the analysed pig population and showed three separate regions. The first region contained two SNPs that were located at 0.63 and 0.65 Mb and seven SNPs that were located in the second region, while the third region contained five significant SNPs. The SNPs with highest effects in this study were close to the SNPs of the third region (approximately 3.3À 4 Mb). For chromosome SSC7, Grindflek et al. (2001) reported a QTL that was associated with smell intensity and was located at 40 cM near the SNP that was identified in this study (Fig. 2) , which was located at the beginning of SSC7. For SSC12, there are no reports for the concentration of skatole.
For the carcass traits, including backfat thickness and loin depth, there is a large number of QTLs that are distributed throughout the genome described in the Pig QTL database. For the backfat thickness, Sanchez et al. (2006) described a QTL on SSC1 located 143 cM; two SNPs with higher effects in this study were located close to this region. For SSC2, de Koning et al. (2001) determined that a QTL that was located at 5 cM and the SNP in this study were within a confidence interval. Sanchez et al. (2014) reported a QTL not described previously at position 139 Mb on SSC14 for backfat thickness in a commercial population of Large White pigs. For the loin depth, van Wijk et al. (2006) identified a QTL for loin weight that was located on SSC11 at 8.8 cM, and the SNP was very close to the QTL peak location.
The presence of these QTLs reported in the Pig QTL database and in other studies is useful when validating the regions that have markers with major effects (i.e., absolute values of the estimates) on the traits. The magnitude of the marker effect estimates throughout the chromosomes provides information for future studies on the candidate genes and supports the implementation of genomic selection in pigs.
Even if the differences between RR-BLUP and BL were not too high in this study, the accuracy values from Jackknife cross-validation indicated the BL method as the best choice to evaluate traits including the concentrations of androstenone and skatole, and loin depth under a GWS scenario. However, because RR-BLUP performed better for backfat thickness, we cannot state that Bayesian methods are always the best option.
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